Abstract. In image segmentation, Local binary fitting model (LBF) is widely used to cope with intensity inhomogeneity. It is insensitive to the initial contour with a large scale parameter and it can make the active contours become smooth and close to the object of the real border with the reduction of scale parameters. For the purpose of enhancing the quality of intensity inhomogeneity image segmentation, we advance a new adaptive rule to obtain the scale parameter. Experimental results on industrial CT image demonstrate that our method is insensitive to the initial contour and accurate for extracting the object.
Introduction
Image segmentation has always been a focus problem in the field of image analysis and understanding [1] [2] [3] . With the help of segmented information, further process such as recognition and reconstruction can be implemented in the area of computer vision. Over the past few decades, researchers have made great efforts in image segmentation and a wide variety of methods have been proposed [4] [5] [6] [7] [8] .
Active contour model (ACM), as presented in [8] [9] [10] [11] , has been often used in segmentation with desirable results. An advantage of ACM for image segmentation is that it can provide smooth and closed contours to recover the boundaries of the object. The original active contour model, also called snake model, was introduced in [12] by using explicit curve to extract objects. However, it cannot handle topological changes. To overcome this problem, many methods have been proposed, the PDE-based level set method [16] introduced by Osher and Sethian is the most important and successful one.
Chan-Vese (CV) model [8] , as one of the most popular region-based models, is simplified from Mumford-Shah energy functional. By minimizing the energy functional of approximated piecewise constant image, CV model has been successfully applied to images with two regions. However, CV model always assumes that the image intensity is homogeneous in each region. Actually, intensity inhomogeneous images widely exist in the real world [18, 19] .
In order to solve the limitations of CV model, in [18, 19] , by minimizing Mumford-Shah functional [17] , Vese and Chan proposed two similar region-based active contour models for the image segmentation. These models，which have been known as piecewise smooth (PS) model, are based on a piecewise smooth description of the images. Therefore, PS model is able to deal with intensity inhomogeneity [15] . However, the computational cost of the PS model is quite expensive, as it involves complicating procedures.
How to take full advantages of local and global regional information is a significant problem. In [22] , CV model and LBF model are combined each other with a weighting parameter, which is called LGIF model. By using local and global image information, the robustness to the initialization of the contours can be improved.
The main contribution of this paper is the proposal of a new adaptive rule for gaussian kernel function of LBF model. Under this rule, the value of the scale parameter can be updated dynamically with the energy functional decreases. According to the work in [20] , using a large scale parameter, the result of segmentation can be less sensitive to the initialization, and the number of total iterations can be reduced. However, when the scale parameter is small, active contour becomes smooth and approaches the real object boundaries. With the help of this adaptive estimation of the scale parameter, efforts of how to select a proper parameter can be reduced. The rest of this paper is organized as follows. In section 2, some well-known region-based models are presented. Then our method is introduced in Section 3. The implementation and results are given in Section 4. Finally this paper is summarized in Section 5.
Existing methods
Local binary fitting active contour model. To deal with the problem of intensity inhomogeneity in image segmentation, Li et al. proposed the (local binary fitting) LBF model [15, 23] . For a given point x  , the local intensity fitting energy functional is defined as follows:
Where 1  and 2  are positive constants, 1 () fx and 2 () fx are two smoothing functions which are used to locally approximate image intensities inside and outside contour C respectively. ()
is the Gaussian kernel function with standard deviation  defined by:
In order to penalize the length of the contour [8] and regularize the level set function [23], the two terms can be characterized by the following energy functional:
Therefore, we can define the following energy functional:
Owing to the introduction of the kernel function, the local region fitting energy of the image is incorporated, thus LBF model is able to provide desirable segmentation results even under the presence of intensity inhomogeneity. However, inappropriate local region information has not always been sufficiently effective and accurate for image segmentation. What's more, LBF model is sensitive to initialization to some extent, which restricts its practical applications.
LGIF model. In [22] , the authors combined the advantages of CV model and LBF model by taking the local and global intensity information into account, which is called the LGIF model. In the level set method, this model integrates the local and global intensity fitting energy effectively:
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Where q is the weighting parameter. For more accurate computation involving the level set function and penalizing its length, the energy functional is defined by
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Where  and v are positive constants, and
In the LGIF model, the local and global region information is combined by using a weighting parameter q . If the intensity inhomogeneity of the image is severe, we select a small q . Conversely, we select a relatively large value. Efforts should be made to determine a good estimation of the weighting parameter q . What's more, the LGIF model is sensitive to the weighting parameter q .
Realization of an adaptive scale coefficient
As we discussed in section 2, CV model and LBF model have their advantages and disadvantages.
LGIF model combines the advantages of CV model and LBF model. Thus, it is natural to use a relatively larger local region to replace the weighted sum of the local region and global region. When the contour is in the neighborhood of object boundaries, we need a small local region to control the moving and stopping of the contour that close to the real object boundaries. On the other hand, when the contour is far away from objects boundaries, we need a relatively large local region to reduce sensitive to initialization.
In order to penalize the length and regularize the level set function, LBF model (4) minimizes the energy functional with respect to  . And the gradient descent flow:
In LBF model, the kernel function is introduced by Equation (1). To compute the convolutions in [20] more efficiently, the K  can be truncated as a   mask, where  is the smallest odd number no less than 4 . Clearly, once the value of kernel function is set,  is also determined simultaneously.
Considering the problem of how to select the scale parameter  , we propose an adaptive dynamic rule during the process of the contour evolution, which is motivated by the work in [14] . In details, the proposed rule begins with an initial value of  , and adaptively updates its value with the level set evolution. According to this method, the energy functional of LBF model will be minimized and we will obtain an automatic estimation of  . During the iterative process, we propose the following rule to update the scale parameter  dynamically:
where k  2,
represent the energy functional of the ( 1) k  th iteration and the ( 2) k  th iteration.
To preventing the generation of positive feedback, we judge the trend of the energy functional in Step 4. The algorithm is summarized as follows:
Step Step 2: Gets the new value of the following parameters:
Step 3: Update energy functional 

 by solving (9).
Step 4: If 
Experimental results
In this section, we compare LBF model [15] and LGIF model [22] with our model on the basis of industrial CT and real-world images. Experimental results are presented to demonstrate the effectiveness of the proposed method. All the experiments were conducted in MATLAB R2012a on a personal computer with Inter Pentium CPU 2.20GHz and 2GB of memory. The level set function  can be initialized as a binary step function. Unless otherwise specified, the default parameters are set as in the second row. We can observe from columns 2 that LBF model fails to segment the object for both of the initial contours, whereas our model works. Table 1 lists the Iterations and the CPU time of Figure 1 , which demonstrates that the computational cost of the proposed method is very competitive comparing with other two methods. Figure 1 . Comparisons of LBF model, the LGIF model and our method. Column 1: Images with initial contours. Column 2: Results of LBF model [20] . Column 3 Results of the LGIF model [22] . Column 4: Results of our method. in the first and second rows. The last row enlarges the yellow area of the first row. The first column shows the original images. Figures in column 3 show that LGIF model fails to segment the object for both of the initial contours. We can see that similar segmentation consequences are obtained by LBF model and the proposed model. The images in the second row show the consequences that our method is sensitive to the initialization. It is clearly seen from the last row that our method can make active contours closer to the real boundaries of the object. Figure 3 displays the value of the scale parameter and the energy functional change with increasing iterations. We can observe this result consistent with our expectations. Figure 2 . Results for the industrial CT images with intensity inhomogeneity. Column 1: Images with initial contours. Column 2: Results of LBF model [20] . Column 3: Results of the LGIF model [22] . Column 4: Results of our method. 
Conclusion
In this paper, our major work is the improvement of the segmentation quality of industrial CT images with intensity inhomogeneity. In our method, the value of the weighting parameter is dynamically updated along with the contour evolution, which is effective and accurate for extracting the object. Comparing with the well-known LBF model, our model not only shows more details, but also much less sensitive to the initial contour. Experimental results demonstrate desirable performance of our extension method for industrial CT images with intensity inhomogeneity.
